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Abstract 
 
This paper tests the hypothesis that the introduction of Citi Bike influences bicycle injuries by 
observing the gradual expansion of the bike share system in NYC. Data is analyzed from 2012-
2018 New York Police Department (NYPD) Motor Vehicle Collisions and Citi Bike Station Feeds 
(NYC Open Data) to explore the effect that Citi Bike’s introduction has on various bicycle-related 
injury rates, specifically within the borough of Manhattan. The results show a significant positive 
causal relationship between Citi Bike ridership and the rate of cyclists injured. Meanwhile, Citi 
Bike ridership has no causal effect on the rate of pedestrians injured. 
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1 Introduction 
 
 Since its inception in 2013, Citi Bike’s annual membership has steadily increased along 
with bicycle ridership in New York City. This paper focuses on the city’s introduction of the bike 
share system and whether injury rates are affected. Specifically, this study estimates the effect of 
Citi Bike’s annual expansion on the rate of various injuries in Manhattan, by observing cyclist and 
pedestrian injury rates. Citi Bike was initially launched with 6,000 bicycles at 332 stations in 
Manhattan below 59th Street and several neighborhoods in Brooklyn [NYC Department of 
Transportation, 2017]. Subsequently, the system has been expanded every year by zones throughout 
Manhattan, Brooklyn, and Queens, ultimately doubling the number of bicycles and stations by the 
end of 2018. By observing the gradual increase in Citi Bike stations (i.e. “Citi Bike zones”) in 
Manhattan, one should be able to assess the impact the growing Citi Bike ridership has on injury 
rates in New York City. The evaluation of a causal relationship between Citi Bike’s introduction 
and bicycle-related injury rates will aid city administrators when determining the overall safety of 
the bike share program. 
 This study uses a difference-in-difference (DID) estimation technique to observe the causal 
effect of an intervention— Citi Bike’s introduction— on a treatment group and control group, by 
comparing changes to their outcomes over multiple time periods. The DID method calculates the 
effect that an independent variable (Citi Bike expansion) has on the dependent variable (injury 
rates) by utilizing panel data, represented by multiple treatment/control units before and after the 
intervention. The results show that the introduction of Citi Bike has a significant positive causal 
effect on cyclist injury rates in New York City. Otherwise, Citi Bike introduction has no causal 
effect on pedestrian injury rates. To address any potential issues that may arise due to the multitude 
of groups and time periods in this study, fixed effects regression models are also used to interpret 
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results.  
 
2 Literature Review 
 
 
 As New York City celebrates the 200-year anniversary of its first bicycle arrival in 1819, 
bicycles have become an integral part of the city’s transportation network. Since Citi Bike’s 
inception in 2013, New Yorkers have widely accepted the bike share system as a sustainable mode 
of transportation. As North America’s largest bike share program, Citi Bike currently boasts over 
150,000 annual memberships, while biking in the city has quadrupled since 2000. According to 
the New York City Department of Transportation (DOT), over 825,000 residents regularly ride 
bicycles and 460,000 cycling trips are made on a typical day— a 70% growth over the past five 
years.  
One might assume that the introduction of additional bicyclists from a bike share system, 
such as Citi Bike, will increase the number of bicycle injuries (see Figure 3 in the Appendix). 
Several researchers believe otherwise and state that bicyclists are less likely to be injured in areas 
where cyclist volumes are higher [Elvik, 2009]. The “safety-in-numbers” effect may be a direct 
effect of Citi Bike’s introduction, as the volume of bicyclists has increased with the launch of the 
bike share program. Initially, the program was met with skepticism due to the grim statistics 
associated with launching bike share systems in cities such as Paris, where three riders died and 
bike accidents increased by 7% in its first year [Flegenheimer, 2013]. John Pucher, a professor of 
urban planning at Rutgers University, predicted “at least a doubling and possibly even a tripling 
in injuries and fatalities among cyclists and pedestrians during the first year.” Yet, as of December 
2018, Citi Bike has only one recorded fatality since its inception five years ago. In fact, studies 
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show that there is a non-linear relationship between the volume of cyclists and the number of 
accidents, where the risk of injury declines as the cyclist volume increases [Elvik, 2013].  
 As part of the safety-in-numbers effect, Citi Bike’s implementation is likely to heighten 
the awareness of motor vehicle operators. Studies show that motorists adjust their behavior in the 
presence of pedestrians and bicyclists. As drivers encounter more cyclists, their awareness and 
cautiousness increase towards cyclists, decreasing the likelihood of accidents [Jacobsen, 2003]. 
Following the introduction of the bike share system, the bright blue Citi Bikes have become 
ubiquitous throughout New York City, increasing the overall visibility of the program’s riders. 
Additionally, the blue bicycles are built more upright than conventional bicycles, increasing the 
visual profile of City Bike riders to motor vehicle operators. Motorists may also be more 
considerate towards bike share users as they may be perceived to be less experienced and/or 
tourists, requiring greater caution [Fishman et al., 2012]. 
 It is also worth mentioning that an indirect effect of Citi Bike’s introduction is the growth 
of bicycle lanes in New York City. A year after the launch of the bike share system, Mayor Bill de 
Blasio initiated the Vision Zero program to reduce traffic fatalities. As part of the program, the 
city has committed to building an additional 50 miles of bike lanes every year [Hu, 2017] (see 
Figure 4 in the Appendix). Bike lanes are an essential part of Vision Zero’s strategy to improve 
safety, since it protects bicyclists and pedestrians while reducing excessive motor vehicle 
speeding. There are currently more than 1200 miles of bike lanes in New York City, making it one 
of the top 10 best cycling cities in the country [Chilton, 2018].   
 This analysis contributes to the existing literature by evaluating the effect of Citi Bike’s 
introduction on bicycle-related injury rates in New York City. Although Fishman et al. (2012), 
Jacobsen (2003), and Elvik (2009, 2013) address the effect of safety-in-numbers on bicycle 
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injuries, the expansion of bike share programs must also be considered in today’s large cities. 
Popular bike share systems have made it more convenient for city dwellers to make short trips by 
bike, providing a healthy alternative to the existing transportation network. If this research can 
demonstrate a causal relationship between bike share systems and safer streets through lower rates 
of injuries, it could provide city officials additional empirical data when evaluating public 
transportation policies. This research also differs from previous studies by utilizing a more current 
dataset. The newer dataset allows one to see the relevance of bike share programs in today’s major 
cities, as bicycle ridership continues to grow.   
 
3 Research Questions 
 
  
 Keeping the rising popularity of bike share programs in mind, this paper evaluates the 
overall safety of New Yorkers that may be impacted by Citi Bike users. This analysis looks at the 
effect that Citi Bike’s introduction has on the rate of cyclist injuries and the rate of pedestrian 
injuries in Manhattan. The first measure, rate of cyclist injuries, pertains to the rate in which all 
bicycle injuries occurred in Manhattan during 2013-2018. As bicycle ridership continues to 
increase in the city every year, it is essential to consider the impact this growth will have on the 
number of bike injuries. Prior empirical literature shows a significant causal relationship between 
the volume of cyclists and the number of injuries. This study makes an important distinction 
between the volume of cyclist injuries versus the rate of cyclist injuries, as the number of cyclist 
injuries can decrease while the rate of injuries increases. Despite the supporting literature 
pertaining to the safety-in-numbers theory, finding a potential relationship between Citi Bike’s 
introduction and the rate of bicycle injuries will also be helpful in assessing the merits of a bike 
share program in large cities. The second variable is the rate of pedestrian injuries, which is an 
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important factor since the streets of New York City have a potential to become more precarious 
for pedestrians as city streets become more congested. Although elected officials have been 
making efforts to improve street design, New Yorkers must still exercise caution when crossing 
the street. The correlation between the introduction of Citi Bike and each of these measures is 
mixed, where some are positive and others are inconclusive.  
 
4 Methods 
 
 
4.1 Data 
 
To test the hypotheses, data was obtained from two sources. The first dataset is from 2012-
2018 NYPD Motor Vehicle Collisions, which is available via NYC Open Data and provided by the 
NYPD. The data source categorizes every collision in New York City by location and injury. Each 
recorded incident provides specific data such as borough, intersection coordinates, type of persons 
injured, and type of vehicles involved. The initial dataset has a total of 1,386,003 observations. The 
NYPD collision data contains observations from the borough of Manhattan as well as the four additional 
boroughs. The dependent variable in this study, injury rates, is only relevant to collision data that occurs 
in Manhattan. After cleaning and dropping any outliers in addition to observations with missing data 
points, the sample is reduced to 267,046 observations. This analysis also drops observations in 
Manhattan that are outside of the “Citi Bike zones”, which encompasses an area north of 130th street. 
The final sample of analysis consists of 203,933 observations.  
The second dataset is from Citi Bike Live Station Feed (JSON), which is also available 
on NYC Open Data and provided by Citi Bike. Citi Bike stations are typically installed in the 
most densely-populated neighborhoods within Manhattan, Brooklyn, and Queens. The DOT 
and Citi Bike’s operator, Lyft, continue to work with communities to find the best location for 
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stations, expanding the “Citi Bike zones” throughout the city. Stations are usually located in 
the parking lane of the street, or on sidewalks that are wide enough to allow pedestrian flow. 
This dataset has a total of 841 observations. Figure 1 in the Appendix illustrates the annual 
growth of Citi Bike stations throughout the city since the program’s inception. 
 The two datasets are merged utilizing QGIS, a geographic information system (GIS) 
software program, which allows one to visually overlay numerous datasets. Additionally, QGIS 
enables one to slice tranches of data using the “Polygon” function in “Editing” mode. One is 
able to employ this feature to isolate then extract all collisions that occurred within Manhattan’s 
“Citi Bike zone”, and assign every collision a unique ID number. With “Polygon”, this study 
also categorized Manhattan into five separate “Citi Bike zones”, based upon the various phases 
in which new Citi Bike stations were installed (see Figure 2 in the Appendix). The five zones 
are identified as follows: Zone 1 is upper Manhattan without Citi Bike stations above 130th 
street, including Randall’s Island and Roosevelt Island; Zone 2 represents Citi Bike’s initial 
launch area below 59th street; Zone 3 is between 59th street and 86th street; Zone 4 is from 86th 
street to 110th street; Zone 5 is between 110th street and 130th street. By merging this dataset 
with the NYPD collision data, one is able to identify in which “Citi Bike zone” a specific 
collision occurred. For observational purposes, QGIS is also utilized to create Figure 1 and 
Figure 2 in the Appendix. Figure 1 represents all recorded NYPD collisions in the city layered 
over Citi Bike stations, bicycle lanes, and borough boundaries. Figure 2 portrays all Citi Bike 
zones in Manhattan layered over NYC street centerlines and outer borough boundaries. 
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4.2 Challenges of Difference-In-Difference 
 
 
 DID is a quasi-experimental technique used to estimate the causal effects of non-
randomized interventions. Yet, causal inference in DID designs occasionally has its challenges. 
To estimate causal effects over multiple time periods, DID assumes that the treatment and control 
groups have “parallel trends” in their outcomes. The parallel trends assumption is essential for the 
validity of DID models, but there is no statistical test for this assumption. Fortunately, the smaller 
the time frame for the treatment and control groups, the more likely the assumption will hold. As 
long as the parallel trends assumption holds, DID is able to estimate treatment effects when the 
treatment is endogenous (i.e. not random as with the strategic installation of Citi Bike stations in 
densely-populated neighborhoods). Yet, if the parallel trends assumption is not fulfilled, there is a 
strong likelihood that the estimation of the causal effect will be biased. 
  One must also consider the possibility of omitted variable bias (OVB). OVB occurs when 
a variable— that is correlated with both the independent variable(s) and the dependent variable— 
is omitted from the regression model. Known as a confounding variable, the omission of such 
uncontrolled variables can lead the OLS estimate to become biased. Typically, influences on the 
dependent variable, which are not captured by the model, are included in the error term. In our 
case, the growth of bicycle lanes is a control variable that is excluded, which may result in the 
model to suffer from OVB. For example, the increase in bike lanes may have facilitated the 
introduction of the Citi Bike program, while the growth of bike lanes may have also contributed 
to a decrease in cyclist injuries. Omitted variables are one of the primary sources of endogeneity. 
Yet, for the DID method to be effective, exogeneity is required where the treatment outcomes 
following the intervention are not anticipated by outcomes prior to the intervention.  
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4.3 Fixed Effects 
 
 
 To control for unmeasured confounding variables, this study estimates the DID treatment 
effect parameter using a two-way fixed effects regression model. Although estimates may be 
difficult to interpret with multiple time periods, the two-way fixed effects model is often described 
as a DID estimator [Kropko and Kubinec, 2018]. In our two-way fixed effects model, treatment 
(Citi Bike stations) is introduced in multiple groups and multiple time periods, where Treatment = 
1 if active in group z (Citi Bike zones) and period t. The model includes both a group-fixed effect 
(αz) and a time-fixed effect (γt), with αz representing the time-invariant characteristics of group z 
while γt represents the time-varying but group-invariant factors [Wing et al., 2018]. With the two-
way fixed effects model able to accommodate a good deal of variation, one can estimate the 
treatment effect parameter by regressing the observed outcome on the treatment variable and the 
full set of group and time fixed effects. 
 Since treatment is being introduced at different times in the multi-group multi-period 
model, the treatment effect parameter will be a weighted combination of all two-way DID 
estimators in the data [Goodman-Bacon, 2018]. Thus, each treatment group can be compared to 
the untreated group (Zone 1), while each treatment group serves as a control for every other 
treatment group. Similar to other least squares estimators, the weights are determined by sample 
sizes in each group and the variance in the treatment variable. As a result, our fixed effects model 
is able to generate an average of treatment effects across all groups and times.  
 Yet, there are several limitations with the provided data. The first limitation is the lack of 
NYPD Motor Vehicles Collisions data prior to 2012. Collision data prior to Citi Bike’s inception 
in 2013 is limited, as the data can only be obtained from the publicly available NYC Open Data 
portal. The collision dataset encompasses a time frame from July 2012 to December 2018.  
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 The second limitation is the missing longitude and latitude coordinates in the geocoded 
NYPD dataset. According to members of the NYPD, police officers manually record the street 
address of the intersection where the accident occurred, which is subsequently converted into 
geographic coordinates computationally. Occasionally, longitude or latitude coordinates were not 
available in this dataset. To address this issue, the missing data points had to be replaced. As long 
as the borough, zip code, and on street/cross street names were the same, the same geographic 
points were used for the missing data. 88,125 observations were filled in, but the remaining 
148,126 observations with missing coordinates were eliminated. 
 The third limitation is the missing borough information in the merged dataset. After 
combining the QGIS/NYPD data and condensing the observations to the borough of Manhattan, 
there was borough information still missing in some of the observations. Again, by replacing the 
missing data points, 38,814 observations were filled in. Afterwards, one observation still remained 
without borough data, which was ultimately dropped from the dataset.   
 The last limitation is the availability of Citi Bike stations only being offered in the boroughs 
of Manhattan, Brooklyn, and Queens. Although the original objective of this study was to conduct 
a citywide analysis on the causal relationship between bike share systems and injury rates, Citi 
Bike stations have yet to be installed in the Bronx or Staten Island as of December 2018. The scope 
of this study was narrowed to injury rates in Manhattan due to the borough’s grid-like design, 
which facilitated the process of accurately identifying the roll out of various Citi Bike zones by 
utilizing QGIS. Additionally, Manhattan is the borough where the Citi Bike stations with the 
highest usage are currently located. The most popular bike share stations are positioned near large 
transit and tourist hubs, which include Central Park, Penn Station, Port Authority, Grand Central, 
and Union Square. The least frequented destination stations are situated in Brooklyn and Queens.  
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 The standard DID regression model is typically used to estimate the causal effect of a 
treatment before and after an intervention. This two-group/two-period model identifies the average 
treatment effect (β3) on the treated. The DID method requires panel data from pre/post-intervention 
periods, which is applied to the following regression model: 
  
 rate of injurygt = β0 + β1(treatg) + β2(postt) + β3(treatg ∙ postt) + εgt              (1) 
 
 Whereas with multiple groups and multiple time periods, one must instead use a two-way 
fixed effects model to estimate the treatment effect parameter (δ). To address issues pertaining to 
OVB, endogeneity, or lack of data on pre-treatment outcomes, the fixed effects regression model 
is estimated with dummies for group units (αz) and time periods (γt), as well as a treatment dummy 
(Dzt): 
 
 rate of injuryzt = αz + γt + δDzt + εgt                     (2) 
  
This fixed effects regression model has seven year dummies, one treatment indicator, and 
four interaction terms (treatment indicator ∙ 4 post-treatment year dummies). The “rate of injury” 
represents injuries rates— including bicyclists and pedestrians— resulting from traffic accidents. 
To obtain the rate of cyclists injured, the number of cyclists injured in a given year is divided by 
the annual Citi Bike memberships for that given year. This number is then multiplied by one 
million to arrive at coefficients in magnitudes that can be easily interpreted. The observations are 
extended to also include pedestrian injury rates. As an alternative, the various injury rates are also 
divided by total annual bike ridership for further analysis. Summary statistics which include the 
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mean and standard deviation figures of the independent and dependent variables are available in 
Tables 1 and 2 in the Appendix. 
 
5 Results 
 
5.1 First Specification Results 
  
 The first specification results are separated into two tables: Tables 3-4. Each table utilizes 
injury rates as the dependent variable in the DID estimator, based upon annual Citi Bike 
memberships per million people. In Table 3, the first column represents the effect of Citi Bike’s 
introduction on cyclist injury rates utilizing a DID estimator, including dummies for zone and year. 
The second and third column report the results utilizing a fixed effects regression model. This 
model includes location fixed effects for the four different Citi Bike zones. The dummies for year 
are presented under the key independent variable, treatment. In Table 4, the results pertain to the 
pedestrian injury rates, respectively.  
 The adjusted R-squared results, a measure for goodness of fit, are reported below each 
column. With adjusted R-squared figures at 0.007 or less in Tables 3-4, there is a weak causal 
relationship between Citi Bike’s introduction and both injury rates. However, the year dummies 
in each table report gradually declining positive coefficients, implying a downward trend in injury 
rates at the 99% confidence level. Similarly, the regression results in Table 3 show that treatment— 
an indicator of the bike share program’s introduction— has a significant positive causal 
relationship on the rate of cyclist injuries. This applies to the DID model in column 1, as well as 
the fixed effect regression models in columns 2 and 3. Thus, as the number of Citi Bikes continues 
to grow, the rate of cyclists injured increases in New York City. Following the introduction of Citi 
Bike, Table 3 showcases cyclist injury rates rising by 3.6% with the DID model, while the rate of 
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injury increases by 3.7% and 4.3% with the fixed effect models. Additionally, the treatment 
coefficients are all similar in magnitude and exhibit statistical significance at several levels. 
Otherwise, Table 3 reports mixed results for the zone dummies, which represent the individual Citi 
Bike zones. The zone dummies have varying signs and magnitudes, with cyclist injury rates 
increasing in Zones 2 and 5 specifically at the 95% confidence level. 
In contrast, the reported results in Table 4 differ for pedestrian injury rates. Citi Bike’s 
introduction does not have any significant causal effects on pedestrian injury rates, while the 
coefficients also have different signs and magnitudes. Meanwhile, Table 4 reports significant 
results for the zone dummies. In fact, the zones with the most widely-used Citi Bike stations (Zones 
2, 3, 4) have a significant negative causal effect on the rate of pedestrians injured, while injury 
rates increase in Zone 5 at the 99% confidence level. 
 
5.2 Second Specification Results 
 
 Similar to the first specification results, the second specification results are also organized 
into two separate tables: Tables 5-6. Each table provides injury rates based upon annual NYC 
bicycle ridership per million people. In Table 5, the first column again represents the effect of Citi 
Bike’s introduction on cyclist injury rates utilizing a DID estimator, including dummies for zone 
and year. The second and third column also report the results utilizing a fixed effects regression 
model. Once again, Table 6 pertains to the pedestrian injury rates, respectively.  
 With adjusted R-squared figures at 0.007 or less in Tables 5-6, there is a non-robust causal 
relationship between Citi Bike’s introduction and both injury rates. Contrary to Tables 3-4, the 
year dummies report inconsistent positive coefficients, suggesting the lack of trends for either 
injury rate at the 99% confidence level. However, Table 5 shows that treatment has a significant 
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positive causal relationship on the rate of cyclist injuries. With the coefficients for all three models 
similar in magnitude and statistically significant at various levels, Citi Bike’s growth indicates an 
increase in cyclist injury rates for New York City. Following the introduction of the bike share 
program, Table 5 portrays cyclist injury rates rising by 0.5% with the DID model, while the rate 
of injury increases by 0.5% and 0.6% with the fixed effect models. Meanwhile, Citi Bike’s 
introduction does not have any significant causal effects on pedestrian injury rates in Table 6, with 
the coefficients also reporting different signs and magnitudes. Otherwise, the zone dummies in 
Tables 5-6 exhibit similar signs and significance levels to the first specification, but differ 
drastically in magnitude as the coefficients are much smaller. 
  
6 Conclusion 
 The relationship between the safety-in-numbers effect and the number of accidents 
involving cyclists or pedestrians has been well-documented. To the author’s knowledge, there have 
been no previous studies on the impact of bike share programs on injury rates, which includes 
both cyclists and pedestrians. There have been numerous studies that compare bike share users to 
other cyclists, with the introduction of the bike share system being associated with a reduction in 
cyclist injury risk [Fishman and Schepers, 2015]. This paper uses a two-way fixed effects model 
to accommodate more variation due to the treatment occurring within multiple groups and multiple 
time periods.  
 The primary limitation of this study is the lack of data prior to the introduction of Citi Bike. 
Due to the limited availability of collision data on NYC Open Data, this analysis was only able to 
obtain data one year prior to the treatment. With a more robust dataset, it may have been possible 
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to assume parallel trends to ensure the validity of the DID model. Additional observations may 
have also yielded significant causal effects across all injury rates, including those for pedestrians. 
 The results from this study suggest that Citi Bike introduction increases cyclist injury rates 
in Manhattan. Specifically, the growth of the bike share system has a significant positive causal 
relationship on the rate of cyclists injured. The results also imply that no relationship exists 
between the Citi Bike program and pedestrian injury rates. The rise in the rate of cyclist injuries 
can perhaps be attributed to the lack of helmet use by Citi Bike riders. In fact, bike share riders are 
four times less likely to wear a helmet than private bike riders [Fisher et al., 2012]. As a result, 
introducing bike share programs in cities is often associated with an increased risk of bicycle-
related head injuries [Graves et al., 2014]. Additionally, one may connect the increase in cyclist 
injury rates to the lack of protected bicycle lanes, which physically separate cyclists from vehicle 
traffic. Of the 83 bicycle lane miles added in 2017, only 19% consisted of protected bike paths. 
Lastly, one must also take into consideration the proliferation of electric bikes (e-bikes), which are 
widely used by the city’s 50,000+ delivery cyclists. Capable of reaching maximum speeds of 28 
mph, higher cycling speeds of e-bikes may be a contributing factor to increasing cyclist injury 
rates. Earlier this year, Citi Bike recalled their entire fleet of electric pedal-assist bikes following 
a string of injuries associated with them. Studies show that there is a greater likelihood for e-bike 
users requiring treatment in an emergency room following an accident [Schepers et al., 2014]. 
Thus, contrary to the safety-in-numbers effect, the increasing rate of cyclist injuries should 
incentivize city officials to take greater strides in emphasizing the importance of protective 
headgear with the Citi Bike program. 
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Figure 1 
 
Heat Map (QGIS) 
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Figure 2 
 
Citi Bike Zones (QGIS) 
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Figure 3 
 
Annual Citi Bike Memberships vs. Bicycle Injuries (Manhattan) 
Jan 2013 – Dec 2018 
 
 
Source: DOT 
 
 
Annual NYC Bicycle Ridership vs. Bicycle Injuries (Manhattan) 
Jan 2013 – Dec 2018 
 
 
Source: DOT 
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Figure 4 
 
Bicycle Lane Miles Installed vs. Bicycle Injuries (Manhattan) 
Jan 2013 – Dec 2018 
 
 
Source: DOT 
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_________________________________________________________________ 
Table 1 
Summary Statistics (per Annual Citi Bike Memberships) 
Variables Mean SD 
Zone 2.400 1.061 
 
Year 2015 1.894 
 
Treatment 0.673 0.469 
 
Rate of Cyclists Injured 0.232 1.478 
 
Rate of Pedestrians Injured 0.478 2.240 
 
N 27,812 27,812 
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________________________________________________________________________ 
Table 2 
Summary Statistics (per Annual NYC Bicycle Ridership) 
Variables Mean SD 
Zone 2.400 1.061 
 
Year 2,015 1.894 
 
Treatment 0.673 0.469 
 
Rate of Cyclists Injured 0.034 0.211 
 
Rate of Pedestrians Injured 0.068 0.318 
   
N 27,812 27,812 
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_______________________________________________________________________________ 
Table 3 
Estimates of the Rate of Cyclists Injured (per Annual Citi Bike Memberships) 
 (1) (2) (3) 
 DID Fixed Effects 1 Fixed Effects 2 
Treatment 0.0362*** 0.0367** 0.0427*** 
 (0.0119) (0.0176) (0.0157) 
 
2013 0.247*** 0.260*** 0.243*** 
 (0.0142) (0.0177) (0.0157) 
 
2014 0.279*** 0.295*** 0.277*** 
 (0.0142) (0.0177) (0.0157) 
 
2015 0.260*** 0.277*** 0.259*** 
 (0.0150) (0.0192) (0.0170) 
 
2016 0.179*** 0.162*** 0.177*** 
 (0.0162) (0.0237) (0.0196) 
 
2017 0.188*** 0.127*** 0.127*** 
 (0.0162) (0.0332) (0.0293) 
 
2018 0.185*** 0.140*** 0.125*** 
 (0.0165) (0.0335) (0.0299) 
 
Zone 2 0.0367**   
 (0.0143) 
 
  
Zone 3 -0.0139   
 (0.0135) 
 
  
Zone 4 0.0101   
 (0.0141) 
 
  
Zone 5 0.0327**   
 (0.0136) 
 
  
Constant -0.0238 0.0170 0.0152 
 (0.0152) (0.0124) (0.0126) 
Observations 267,046 203,933 267,046 
R-squared 0.003 0.003 0.003 
Number of FE1  14,599  
Number of FE2   27,812 
Note: Column 1 displays first specification results with zone and year dummies. Columns 2 and 3 display  
first specification results including all fixed effects. R-squared measures the overall fit of the model.  
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 4 
Estimates of the Rate of Pedestrians Injured (per Annual Citi Bike Memberships) 
 (1) (2) (3) 
 DID Fixed Effects 1 Fixed Effects 2 
Treatment 0.0213 -0.0145 0.0248 
 (0.0180) (0.0272) (0.0240) 
 
2013 0.656*** 0.707*** 0.656*** 
 (0.0215) (0.0272) (0.0240) 
 
2014 0.660*** 0.717*** 0.667*** 
 (0.0215) (0.0273) (0.0240) 
 
2015 0.533*** 0.594*** 0.542*** 
 (0.0227) (0.0296) (0.0260) 
 
2016 0.422*** 0.473*** 0.470*** 
 (0.0246) (0.0365) (0.0300) 
 
2017 0.369*** 0.423*** 0.473*** 
 (0.0245) (0.0512) (0.0448) 
 
2018 0.329*** 0.370*** 0.420*** 
 (0.0249) (0.0517) (0.0456) 
 
Zone 2 -0.0674***   
 (0.0216) 
 
  
Zone 3 -0.130***   
 (0.0203) 
 
  
Zone 4 -0.0467**   
 (0.0213) 
 
  
Zone 5 0.0247   
 (0.0205) 
 
  
Constant 0.0599*** 0.0170 -0.0386** 
 (0.0230) (0.0191) (0.0192) 
N 267,046 203,933 267,046 
R-squared 0.007 0.007 0.006 
Number of FE1  14,599  
Number of FE2   27,812 
Note: Column 1 displays first specification results with zone and year dummies. Columns 2 and 3 display 
first specification results including all fixed effects. R-squared measures the overall fit of the model.  
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 5 
Estimates of the Rate of Cyclists Injured (per Annual NYC Bicycle Ridership) 
 (1) (2) (3) 
 DID Fixed Effects 1 Fixed Effects 2 
Treatment 0.00463*** 0.00527** 0.00580*** 
 (0.00169) (0.00242) (0.00221) 
 
2013 0.0381*** 0.0397*** 0.0374*** 
 (0.00202) (0.00242) (0.00221) 
 
2014 0.0323*** 0.0337*** 0.0318*** 
 (0.00202) (0.00243) (0.00221) 
 
2015 0.0317*** 0.0331*** 0.0312*** 
 (0.00214) (0.00263) (0.00240) 
 
2016 0.0273*** 0.0242*** 0.0263*** 
 (0.00231) (0.00325) (0.00276) 
 
2017 0.0323*** 0.0230*** 0.0225*** 
 (0.00231) (0.00456) (0.00413) 
 
2018 0.0361*** 0.0300*** 0.0265*** 
 (0.00235) (0.00460) (0.00420) 
 
Zone 2 0.00626***   
 (0.00204) 
 
  
Zone 3 -0.000842   
 (0.00192) 
 
  
Zone 4 0.00205   
 (0.00200) 
 
  
Zone 5 0.00544***   
 (0.00193) 
 
  
Constant -0.00427** 0.00260 0.00248 
 (0.00216) (0.00170) (0.00177) 
Observations 267,047 203,933 267,047 
R-squared 0.003 0.003 0.003 
Number of FE1  14,599  
Number of FE2   27,812 
Note: Column 1 displays second specification results with zone and year dummies. Columns 2 and 3 display 
second specification results including all fixed effects. R-squared measures the overall fit of the model.  
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 6 
Estimates of the Rate of Pedestrians Injured (per Annual NYC Bicycle Ridership) 
 (1) (2) (3) 
 DID Fixed Effects 1 Fixed Effects 2 
Treatment 0.00370 -0.00103 0.00415 
 (0.00255) (0.00376) (0.00338) 
 
2013 0.0995*** 0.107*** 0.0995*** 
 (0.00305) (0.00376) (0.00338) 
 
2014 0.0762*** 0.0831*** 0.0770*** 
 (0.00305) (0.00377) (0.00338) 
 
2015 0.0644*** 0.0719*** 0.0655*** 
 (0.00322) (0.00409) (0.00367) 
 
2016 0.0625*** 0.0695*** 0.0690*** 
 (0.00349) (0.00505) (0.00422) 
 
2017 0.0608*** 0.0701*** 0.0770*** 
 (0.00347) (0.00708) (0.00631) 
 
2018 0.0615*** 0.0699*** 0.0757*** 
 (0.00354) (0.00714) (0.00643) 
 
Zone 2 -0.00926***   
 (0.00307) 
 
  
Zone 3 -0.0180***   
 (0.00289) 
 
  
Zone 4 -0.00643**   
 (0.00302) 
 
  
Zone 5 0.00355   
 (0.00291) 
 
  
Constant 0.00824** 0.00256 -0.00579** 
 (0.00326) (0.00263) (0.00270) 
Observations 267,047 203,933 267,047 
R-squared 0.006 0.007 0.006 
Number of FE1  14,599  
Number of FE2   27,812 
Note: Column 1 displays second specification results with zone and year dummies. Columns 2 and 3 display 
second specification results including all fixed effects. R-squared measures the overall fit of the model.  
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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